Due to the development of ICT technologies the so-called sharing economy has spread all over the world, gaining significant market share in certain sectors. One of the well-known and debated manifestations of sharing economy is Airbnb, which is an online platform for accommodation provision. Airbnb has wide-spreading effects on rental and real estate markets, thus it is important to analyse the uneven spatial effects of the phenomenon. This paper aims to map and analyse the intra-urban spatial pattern of Airbnb using three indicators: prices, distance from centre, and attractiveness of the area. The case study area is Budapest, Hungary. Collecting data from various sources we compiled 3-band raster maps to present the significance of the selected indicators. The maps reveal the hotspots of Airbnb within the city and the effects of distance and attractiveness on Airbnb prices.
INTRODUCTION
In recent years, the development of digital technologies and the diffusion of ICT worldwide alongside with the growth of Web 2.0 have facilitated and enabled the emergence of peer-to-peer based online platforms that promote user-generated content, sharing, and collaboration (Hamari et al, 2015; Kaplan & Haenlein, 2010) . These platforms and marketplaces are byproducts of a larger economic-technological phenomenon called the sharing economy (Hamari et al, 2015; Pizam, 2014) .
The phenomenon itself is not new, but the Internet is accelerating its proliferation into everyday life and its recent impact on various industries is paramount (Olson & Kemp, 2015) . However, it is extremely challenging to offer a definition of what is the sharing economy and which platforms are included in, as platforms position themselves as part of the sharing economy (Oskam & Boswijk, 2016) to gain advantage of the positive symbolic meaning of the concept. So, usually "self-definition of the platforms and the press defines who is in and who is out" (Schor, 2014, p. 2) , but for sharing economy definitions see studies of Botsman (2015) , Frenken et al (2015) , and Oskam & Boswijk (2016) .
According to the PricewaterhouseCoopers research conducted in 2014, the five main sharing economy sectors (peer-to-peer lending and crowdfunding, online staffing, peer-topeer accommodation, car sharing, music and video sharing) in 2013 generated $15bn in global revenues but it is expected that these five sectors will generate $335bn in 2025 (PWC, 2014) .
Peer-to-peer (P2P) marketplaces associated with sharing economy operate particularly within the field of travel and tourism (Ert et al, 2016) . In P2P marketplaces consumers transact directly with sellers and the whole process is maintained by a third party throughout an Internet platform (Ert et al, 2016; Pizam, 2014) . However, the most popular P2P rental site is Airbnb (Gutiérrez et al, 2016; Pizam, 2014) a travel accommodation provider that describes itself as a "trusted community marketplace for people to list, discover, and book unique accommodations around the world" (Airbnb, 2016) .
Since its foundation, Airbnb has grown extremely rapidly and now surpasses the major hotel chains in accommodation offered and market valuation (Guttentag, 2015; Oskam, 2016; Oskam & Boswijk, 2016) . Airbnb is present in more than 34 000 cities and 191 countries, has more than 2 million global listings (Airbnb, 2016) and was valuated more than $24 billion in 2015 and the company's revenue is expected to grow to $10 billion until 2020 (Winkler & MacMillan, 2015) . As the rapid rise of Airbnb is still too recent, academic literature could not reflect thoroughly, although Airbnb is the best-documented case in P2P accommodation (Oskam & Boswijk, 2016) .
Relatively few empirical papers have yet studied Airbnb and these focus on some key issues such as trust or the reliability of online reviews (Ert et al, 2016; Ikkala & Lampinen, 2014; Guttentag, 2015; Zervas et al, 2015) , address legal issues surrounding Airbnb (Guttentag, 2015; Kaplan & Nadler, 2015; McNamara, 2015) , or there are studies quantifying the impact of Airbnb on the hotel industry (Choi et al, 2015; . However, there is a rising interest in the spatial distribution of hotels and Airbnb listings (Gutiérrez et al, 2016; Quattrone et al, 2016) within major cities to locate those parts of the city, which have seen the greatest pressure from tourism or "touristification" and its negative impacts on cities and residents diagnosed in a few studies (Blickhan et al, 2014; Oskam & Boswijk, 2016) .
Based on the previous paragraphs we think it is important to investigate the spatiality of Airbnb more deeply but none in a regular way using traditional mapping techniques. Accordingly, the purpose of the study was to create a map and mapping method that visualizes the spatiality of Airbnb using a 3-band raster image visualization taking into consideration different geographical indicators. So the central question of the paper is how the different geographical factors influence Airbnb spatiality in Budapest?
In the first half of the study, we developed a database for a large number of Airbnb listings that included data on price, distance, and point of interest data about tourist attractions and catering units in Budapest. In the second part, this data were mapped using Geographic Information System (GIS)-based mapping techniques. The results were 3-band raster layer maps which offer a visual representation of the spatiality of Airbnb in Budapest from a special point of view.
METHODS

Applied data and the data mining method
We started our study with the compilation of our database including the necessary data for the mapping of the spatiality of Airbnb. In order to create a 3-band raster layer, we selected three indicators: Airbnb prices, Distance (the distance of the Airbnb location to the city centre), and Attractiveness (attractiveness based on the location of points of interests).
The first step was to collect data about Airbnb listings in Budapest and their prices. The examination of short-term rentals in the sharing economy sector is very difficult due to the deficiencies of official databases and as Airbnb operates mostly in the illegal and semiillegal sector (Guttentag, 2015) . In the absence of appropriate databases, we had to perform our own data collection based on researches (Dudás et al, 2016a; Dudás et al, 2016b; Edelman & Luca, 2014; Law et al, 2011; ) facing similar problems. Due to our limited resources and constraints of the data source page (www.airbnb.com) we performed one manual query to obtain the necessary data. It should be noted that this paper mostly brings methodology, but by the interpretation of the results it should be taken into account that increasing the volume of the data query may result in different spatial pattern.
The query was on 1 June 2016 for checking in on 19 August 2016 (Friday) and checking out on 20 August 2016 (Saturday). The data collection concerned Airbnb listings in Budapest at the given time and contained the accommodation prices for one person for a one night stay. The data source for the second and the third indicator was the website www.geofabrik.de from which OpenStreetMap data was collected including the road network of Budapest and Points of Interest (POI) data of the Hungarian capital.
Visualization process of the 3 raster layers
Our study is based on a mapping method, which is decisively utilized in physical geography (Aghayev & Rustamov, 2015; Szatmári et al, 2016) , but there were attempts to model internal structure of Hungarian towns (Gyenizse et al, 2016) . In our study, 3 different indicators will be represented on a single map at the same time using GIS. In order to map all the three indicators (Airbnb price, Distance, Attractiveness), we needed to transform these indexes into raster patterns and these three raster grids were then visualized using RGB false colour schemes in the selected study area (Budapest).
The first indicator was the Airbnb price in Budapest. The rasterization of this layer was made utilizing the shape file containing the positions (latitude and longitude coordinates) of the Airbnb listings and other attribute data. The technical background for this process was provided by ArcGIS 10.2. In this case, we used the Spatial Analyst tools/Interpolation/Topo to Raster tool to make the rasterization. This tool is primarily "designed for the creation of hydrologically correct digital elevation models (DEMs)" (ESRI, 2017), but we altered the input data to create such a surface model where the hilltops (local maximums) and few sinks (local minimums) represent Airbnb prices and their distribution in space. The result was a single-band raster image with a resolution of 100 meters, which was chosen because the collected data has 100 meter accuracy. Then, using the Spatial Analyst tools/Extraction/Extract by Mask tool we made a masking on our image in order to the pixels in the raster would only cover the administrative area of Budapest (Figure 1.a) .
Fig. 1 Raster layers of the 3 indicators (edited by the authors).
The second indicator (Distance) represents the Manhattan distance between Airbnb locations and the centre of Budapest. We selected the Deák Ferenc square (Deák Ferenc tér) as the centre point of Budapest, as this place is very popular among tourists and it is approximately geographically located in the centre of the city. Furthermore, the square is one of the most important public transport hubs in the city. To determine these distances, we used the free vector dataset of OpenStreetMap including the road network of Budapest. At the first step, this database was limited to the roads which could be used by car. Then, the data was transformed into a graph using the Imagine Logo software.
During the transformation, we determined the graphs' parameters such as the length of segments, maximum speed limit, obligatory direction, one-way or two-way street, etc. After finishing the controlled graph we calculated the shortest temporal and spatial path (Manhattan distance and time distance -the time needed to cover the Manhattan distance) between the Airbnb locations and the Deák square using the graph and our own pathfinding algorithm in a Dev-C++ software environment. The algorithm calculated in each case with ideal traffic conditions, however, we have to note that vehicles in the traffic adjust their speed to road conditions and to local density of the traffic (Boel & Mihaylova, 2006) , thus to simulate approximately real traffic conditions, 60 percent of the current speed limits were taken into account. In the last step, we applied the same procedure -as described in the previous paragraph -creating a surface where the low and high values represent the calculated distance values, furthermore, we paid attention to that the two layers pixel size and position would be the same (Figure 1b) .
The third indicator represents attractiveness. Under this category, we understand hundreds of Point of Interests (POIs) of varying nature, from hospitals to restaurants and hotels. We considered POIs in this study based on the Points of Interest layer of the OpenStreetMap database that falls under one of the following categories: "eating and drinking", "attractions", "retail", "sports and entertainment". From this database, we selected the relevant categories which may attract the people who use the services offered by Airbnb. After that, using the Spatial Analyst tools/Density/Point Density tool, a surface model was created.
During this operation, we set the Radius value to 1000 meters in order to give every pixel in a 1000 meter radius of a poi a unit value, and create a buffer zone around the poi. Applying this operation to every poi we got such a surface which represents, that in a 1000 meter radius of the given point how much poi there is, in other words, how great its attractiveness is. Then, using the Spatial Analyst tools/Extraction/Extract by Mask tool this layer was also cut to cover only the administrative area of Budapest (Figure 1c) .
Finally, the three layers were combined to one single raster image using the Data Management/Raster/Raster Processing/ Composite Bands tool. The results were 6 maps representing the same data but with different RGB-band combinations (Figure 2). 
Interpretation of the results
According to the 3-band raster representation, we could generate 6 different maps representing the same data, but by changing the band combination we can emphasize diverse nexuses of the selected indicators. In a 123 band combination (Figure 2a) the red represents distance, and the darker is the red the closer is the centre point (Deák square) of the city. In this band order, the most stressful layer is Attractiveness and the greener is on the map the larger is the POI supply. This band combination mostly stresses the POI supply depending on distance, the Airbnb supply is less significant.
In addition, this outlines that we may have chosen a proper centre point as the POI supply is the densest in the centre of the city. On the 132 band combination (Figure 2b ) red still represents distance but the map highlights the density of Airbnb listings more clearly, and the greener is on the map the more expensive are the Airbnb accommodation prices. Moreover, the denser are the green islands the denser are the Airbnb listings. On the other hand, on the map the dark areas show the Airbnb gaps, where there is a lack of Airbnb supply, although these areas are close to the centre, however, the more these areas turn to blue the more attractive is the given area.
The 213 and 231 band combinations (Figure 2cd) on the whole shows similar picture than the first two band combinations, except that the 213 combination highlights the Airbnb supply of the outside areas more significantly. From the 6 maps, in our point of view, the 312 combination (Figure 2e) is the most informative. This represents the most interpretable way the distance from the centre (green) and the POI supply (blue), as well as the Airbnb density and the polarization of Airbnb prices. Accordingly, the orange and magenta islands represent the density and relative position of Airbnb listings and the smaller and the denser are these islands the denser is the Airbnb supply. Moreover, the redder are the pixels the more expensive are the Airbnb accommodations. The 321 band combination (Figure 2f) on the whole shows similar picture than the other band combinations but it highlights mainly the POI supply (green). Overall, the maps show that correlation can be outlined between the POI supply and distance, which may also confirm our decision that we have chosen a correct centre point of Budapest as the main attractions concentrate around this point. The maps also highlight that the POI supply also correlates with the locations of Airbnb accommodations, showing that high density of Airbnb locations can be found in places which are popular places among tourists and offer a lot of facilities serving the needs of them.
The results also emphasize that there is no significant correlation between the price and the location of the Airbnb accommodation in Budapest, but this could be an interesting research topic for the future to examine is it a Hungarian or rather a general phenomenon in cities of the globe, where Airbnb is present.
CONCLUSIONS
The research presents a method to map the spatiality of Airbnb, however, not in a regular way but by using additional indicators (distance, attractiveness) and a 3-band raster layer visualisation method. During the study, we created a database for a large number of Airbnb listings and developed a way to measure the distances of Airbnb locations from a central point. The main results of this work is a set of maps showing the density and price of Airbnb listings. This allows people to see a relative picture of Airbnb listings in relation to other indicators as distance and attractiveness. Although, it should be noted that the paper mostly brings methodology and we also emphasize too that to conduct a deeper and wider empirical analysis works on the input data are needed. The maps generated with our method can be useful information sources for planners and also for decision-makers as well.
Future research directions could be increasing the number of the layers by including additional indicators as for example location and room prices of Hotels or splitting the Airbnb prices and locations into 2 layers. We hope that our study will encourage further research on this topic and raise further interest among geographers and researchers from other disciplines.
